belong to the same metabolite family. We have shown in Photorhabdus and
Xenorhabdus that this is indeed often the case, as described in our previous interesting for further investigation. We have discussed at length the possibility for analogous functions by help explain the reasons they live such a similar lifestyle. However, as is clear Single features are capable of discerning genera with high accuracy 2 0 0
Higher clustering (lower correlation thresholds) of the metabolite data resulted Focusing on all metabolites belonging to the same cluster as this metabolite, employing as a feature only one metabolite at a time. We found that the three 2 0 7
best single predictors in terms of ROC-AUC (receiver operating characteristic 2 0 8
-area under the curve) for both the intensity and AUC data corresponded to 2 0 9 signals with an m/z of 155.07, 368.14, and 367.14 ( Figure 3 ). These can be to using the full set of metabolites (Supplementary Table S4 ). To explore whether the three top ranking features, all belonging to the same removed all features associated with this cluster and recalculated the model. The resulting top-ranking feature and it's highly-correlated features were again We therefore identified features that were negatively correlated to the top-2 2 4
ranking cluster and used this as a sole predictor for the genera. In essence, 2 2 5 the original model was able to predict a Photorhabdus by the absence of the 2 2 6
three aforementioned top-ranking features. By using a negative correlation,
we aimed to identify compounds that were present in a majority of
Photorhabdus, but absent in Xenorhabdus. This resulted in the identification sole predictor of genus resulted in a performance of 92.9% ± 2.99%. Model testing on unseen data 2 3 6
Fourteen Photorhabdus and 15 Xenorhabdus were randomly selected from energy perspective) to produce compounds and also in SF900, an insect
culture medium that reflects the environment these strains may encounter
within an insect. A network analysis of the 58 Photorhabdus and 56
Xenorhabdus was performed using the GNPS platform, which examines mass 2 8 0 differences and fragmentation patterns between metabolites in order to 2 8 1 determine whether they are likely to be related from a chemical perspective.
8 2
Despite the over-representation of some species in this collection, a combined metabolites from both Photorhabdus and Xenorhabdus and using this library,
we identified 14 networks containing known clusters of metabolites ( Figure 2 ).
8 8
It is also clear from these analyses that there are a number of major 2 8 9
metabolite families that we have yet to identify. Furthermore, it is known that contribute to the ability of these bacteria to infect different insects, adapting to 2 9 6 1 3 different insects primarily by altering protein expression levels. In this analysis,
we see a large number of features (330) in the network containing known bacteria, this might be indicative of an insect-specific adaptation. several new derivatives of known compounds. While we don't dispute that
structural novelty is important, we do observe that natural structural diversity 3 1 1 present in bacteria that make compound libraries may also be important for our analysis suggests is that, there is a strong possibility that many of these
derivatives may also exist "naturally" in the environment as evidenced by the of one new SM per species is a significant under-estimation if we consider 3 2 0 unknown derivatives. Recently it was found that genes in strains isolated from similar environments,
which are also the same species, contain a number of differences at the 3 2 4 genetic level 23 . We envisaged that we may therefore be able to differentiate
between different metadata based upon each strain's unique metabolome. We
used the compiled metabolomic data, together with the metadata, to train a 3 2 7 machine learning model; in particular, we chose to make use of gradient
boosting decision trees (GBDTs). Models of this type enjoy a high level of popularity due to their high efficiency and state-of-the-art performance, as well
as the availability of fast, ready-to-use implementations. In addition to this, phenomenon commonly referred to as the "curse of dimensionality" 24, 25 . As
such, GBDT models are ideally suited for the type of data we are dealing with -and metabolomics data in general -having tens of thousands of metabolites
for a few hundred samples. In addition to the above, GBDT models are also robust to multicollinearity 3 3 9
between features. As seen from the results, the model does not suffer a 3 4 0 performance drop when highly-correlated metabolites are present.
Nevertheless, we decided to cluster the metabolites, and drop correlated conditions to explore the metabolic diversity. In comparative genetic studies,
we typically compare whole genomes to draw inferences on the data, thus expression. In the same principle, we base our conclusions here on metabolic non-natural environment by using different conditions and collating the data. Given that no evidence was seen for metadata influencing metabolite
production, we used a machine learning model to investigate the differences values on model output. Our reasoning behind this was that we could then chose SHAP values as our measure of importance because they provide per-3 6 2 sample explanations which are proven to be both consistent and locally be tree-based. From the SHAP results we observe that, while only a few metabolites - exactly one, for the most heavily clustered data -has a very large impact on 3 6 9 model output in comparison to the rest, many more seem to be strong consideration (Supplementary Figure S10) . Single-feature predictions,
however, do suffer from a steeper performance drop compared to the metabolites we have identified as the best predictors. Therefore, we 3 7 7
emphasize that we have not attempted to find the 'only' metabolites that set 3 7 8
these two genera apart, but to prioritize the ones that appear to be the
strongest in doing so. The relevance of this, and the usefulness of single- columns, which renders futile any attempt at full dataset peak matching. was that the composition of natural product domains, specifically . This supports our original premise that natural within the country. However, in our analysis we saw no clear clustering of bacteria have never been isolated independent of the nematode, several explanations exist for the lack of obvious metabolite clustering in different environments. One explanation is that the nematodes, and the insects that 3 9 6
they infect, are all motile and may help spread the bacteria in the environment 3 9 7
thus confounding any underlying association with geography. One further 3 9 8 explanation is that the nematode hosts provide the greater support in these 3 9 9
environments. In turn, the specialized metabolites produced by the bacteria Xenorhabdus (Supplementary Figure S13) , it is interesting that the majority of the Xenorhabdus, with the exception of X. szentirmaii, were originally isolated
in South East Asia. One interesting note is that the nematode hosts of X. One major challenge in large-scale metabolomic studies is how to prioritize 4 2 3 research efforts. Here, we set out an analysis pipeline that is capable of using 4 2 4 strain-specific metadata, coupled to high-throughput MS experiments.
Whether it is determining compounds important for an ecological niche or
identifying as yet undiscovered compounds in large high-throughput screening determined in order to streamline purification and/or structure elucidation
pipelines in a time-efficient manner, yielding low probabilities of rediscovery. each sampling site were recorded using a GPSMAP 60CSx (Garmin, Taiwan).
The temperature, pH and moisture of each sample were recorded using a Soil Dead Galleria mellonella larvae were surface-sterilized by dipping into Cultured plates were incubated in the dark at room temperature for 4 days. Photorhabdus included an initial denaturing step at 94 o C for 5 min, followed The raw MS data of 114 environmental isolates, E. coli (all in LB and SF900),
LB, SF900 and acetonitrile blanks were converted to the .mzXML format using The data was then clustered with MS-Cluster with a parent mass tolerance of kept between network spectra and library spectra were required to have a 5 2 5 score above .7 and at least 6 matched peaks. Analog search was enabled
against the library with a maximum mass shift of 100.0 Da. The self-loop
networks were imported into Cytoscape (v3.4.0) for visualization. deconvolution was performed with the noise amplitude algorithm, a minimum amplitude of noise set to 5000. specific metadata values, see Supplementary Table S1 . 
